Expectations of housing prices play an important role in real estate research. Despite their importance, obtaining a reasonable proxy for such expectations is a challenge. The existing literature on mortgage research either does not include housing expectation proxies in empirical models, or uses "backwardlooking" proxies such as past housing appreciation or time series forecasts based on past housing appreciation.
Introduction
Economic decisions often rely on expectations of variables in the future. This presents a difficulty when working with empirical data since most variables represent the outcomes of past decisions and therefore may imperfectly capture such expectations.
For example, the expected house price plays a role in individual default decision since this affects both the benefit and the cost of making mortgage payments through the perceived value of the property and the option to default in the future Ambrose et al., 1997; Foote et al., 2008) . While many researchers (e.g., Shiller, 2007) pay attention to the role of housing expectations in the current mortgage crisis, obtaining a reasonable proxy for expected housing appreciation is a challenge.
1 The fundamental difficulty is that market expectations are typically not directly observable. Because of this difficulty, current empirical mortgage research either (1) does not include housing expectation proxies in empirical models (e.g., Demyanyk and Van Hemert, 2009 ), (2) uses past housing appreciation (e.g., Bajari et al., 2008) , or (3) uses a time series forecast (e.g., Goetzmann et al., 2009 ) as the proxy.
This paper proposes a new proxy of housing expectations in mortgage models by using the information from the transaction prices of Case-Shiller housing futures. Since the contract prices of futures are based on market participants' beliefs concerning future housing prices, the transaction prices incorporate the market expectation of housing prices.
2
This paper compares the performances of four different housing expectation proxies in explaining default behavior. The four proxies are futures, past year appreciation from the Case-Shiller house price index (CSI), past year appreciation from the Federal Housing Finance Agency house price index (FHFA), and time series forecasts. In addition, we investigate the additional information content of futures that is not contained in the past price based measures.
The results show that futures are a promising proxy for housing expectations. First, futures have the highest regression model fit among all four measures. This indicates that futures might explain default behavior better than other measures. Second, only futures consistently show that higher housing expectations lower the default propensity, as theory suggests. Other measures either exhibit mixed signs or are statistically insignificant. Third, futures have better out of sample prediction accuracy than other proxies in terms of the area under the receiver operating characteristic curve (AUC) measure. Fourth, even after combining other proxies in the same regression, the coefficient estimates and standard errors of futures remain about the same as with only futures in the regressions. This reveals that futures contain information not captured by historical prices.
Finally, futures may play a more important role in upcoming real estate research as the newly launched RPX housing futures trading on CBOE Futures Exchange covers more cities than the futures based on the Case-Shiller index.
The rest of the paper proceeds as follows: Section 2 introduces the data and variables, Section 3 presents the empirical results, and Section 4 concludes.
Data, Variables and Summary Statistics
This section first describes data sources and sample selection in Section 2.1, then introduces variables and specifications in Section 2.2, and provides summary statistics in Section 2.3.
Data
The S&P/Case-Shiller home price indices (CSI) and the contract prices of housing futures with CSI as the underlying asset are from Bloomberg at the metropolitan (MSA) level. Housing futures are traded on the Chicago Mercantile Exchange (CME). House price indices from the Federal Housing Finance Agency (FHFA) are downloaded from their website at the MSA level. The loan-level data comes from Blackbox Logic's BBx.
3 BBx covers over 90 percent of US non-agency residential securitized deals. 6 Mortgages are limited to those entering the dataset within three months of origination to control for survival bias. The number of loans included in this study is 213, 693, with default rate equal to 33.3% and prepayment rate equal to 17.8%.
Variables
The event of interest is default, which is defined as the first 90 days delinquency. At each time period, the status of the loan could be in default, prepaid in full, or censored.
7 If the loan is either in default or prepaid, all subsequent observations are dropped out of the sample. The number of loan-quarter observations is about 1.7 million.
Explanatory variables include housing expectations, loan/borrower characteristics, lagged unemployment rates, neighborhood median income and controls for prepayment risk. Loan characteristics include HPI updated current loan-to-value ratio (CLTV), a piggyback dummy for the contemporary second lien status, initial contract rate, a full documentation status dummy, various mortgage types dummies, an investor dummy, a purchase dummy, the original loan amount, loan age, and a prepayment penalty dummy. We also include the difference of national average rates for 30 year fixed rate mortgages (FRM) between the current time and at loan origination to control for the prepayment risk. Borrower characteristic includes the credit score (Fico). Lagged unemployment rate is intended to capture the local macroe-conomic condition. Neighborhood income is used to account for the wealth effect. The variable definitions appear in Table 1 .
This study examines four measures of housing expectations. The futures proxies are inferred from the transaction prices of housing futures. The CME issues futures contracts each quarter in February, May, August, and November. Market participants include builders and developers, lenders, mortgage portfolio managers, mutual funds, other financial institutions, and individual investors. We first calculate the average transaction prices of futures in the trading month one year before the maturity date, then divide the number by lagged two months CSI, and minus one to get the quarterly expectations.
8 Next we linearly interpolate the quarterly data to obtain the monthly expectations.
The previous year appreciation rates and the time series forecasts are considered the competing measures. These historical price based measures are often used as expectation proxies because various studies such as Case and Shiller (1989) have established that housing appreciation exhibits positive serial dependence.
9 In another words, past price appreciation helps predict future appreciation and individuals may form their expectations based on recent past appreciation. Therefore, the second and third measures are the previous one year appreciation rates from the CSI and FHFA indices. We consider both CSI and FHFA indices since these have been widely used and also are not perfectly correlated.
The fourth measure is the one year forecasts from time series model based on CSI. We employed the autoregressive integrated moving average (ARIMA) model since this is the most commonly used time series model. Factors are included in the model to account for possible seasonal patterns in housing prices. We first select the lags of the model, then use a 20 year rolling time window to fit the data each month for each MSA area, then forecast. This approach is dynamic and allows the model to incorporate the new information for each time period. The selection criteria for the lags is to make all 44 (from May 2006 to December 2009) rolling window regressions converge for each MSA. Due to the unusual housing price movements in our sample time period, the time series regressions do not converge in many cases when using longer lags. Therefore, we use relatively short time period lags in our model. Eight MSAs use ARIMA(12, 1, 0) and two MSAs use ARIMA(6, 1, 0). We use a simple time series model since simple models often perform better in forecasting competitions (Makridakis et al., 1983) . Table 2 reports the summary statistics of forecasting errors for different housing expectation measures for the ten MSA areas. Forecasting errors are calculated as the difference of the ex ante expectation and the ex post realized one-year housing appreciation. We report various summary statistics for prediction accuracy: the mean absolute error (MAE), the root mean squared error (RMSE), and the minimum and the maximum error. Several patterns appear. First, the four different measures yield varying forecasting errors, and futures overall outperform other proxies in forecasting housing appreciation. In terms of both the MAE and the RMSE, futures yield the lowest prediction errors in seven out of the ten MSAs. For example, in Miami, the RMSE of futures forecasting error is 12.62%, while the RMSEs are 19.09%, 24.10% and 18.68% for the past CSI, the past FHFA, and the time series forecasts respectively. For the remaining three MSAs, futures perform similarly to the best measures in Boston and Las Vegas areas, and perform poorly only in Denver. Futures also yield the narrowest range of prediction errors in eight out of the ten MSAs. Second, forecasting errors of previous year appreciations from CSI and FHFA also show differences. The past CSI seem to point to more pessimistic expectations than the past FHFA indices in all ten MSA areas since both the minimum and the maximum errors from past CSI are lower than those from the past FHFA. The main reason for the difference of the two indices lies in the different composition of the underlying assets. FHFA includes only mortgages purchased by Fannie Mae or Freddie Mac, while CSI has a broader coverage of underlying properties. Other reasons are that FHFA uses both transaction and appraisal values while CSI uses only transaction prices, and the weight given to properties with longer intervals between transactions are also different (Leventis, 2008) . Third, time series forecasts tend to under perform other measures in general. It shows the largest dispersion in terms of the range of forecasting errors in all MSAs. Time series forecast errors could be very large. For example, in San Francisco area, the forecasting errors have a wide range from −62.23% to 36.40%. Table 3 reports the Pearson correlation coefficients between futures and other housing expectation proxies. The number in the parenthesis under the correlation coefficients is the p-value for the null hypothesis that the correlation coefficient is not different from zero. First, note that the correlation coefficients are relatively low with the highest number being slightly higher than 0.7. Using a one percent significance level, past year appreciations from CSI and FHFA each have three areas that are significantly positively correlated with housing futures expectations. Time series forecasts have five MSAs that show significant correlations (although in the Boston area, the correlation is negative). The results show that futures are not highly correlated with other proxies. Both Table 2 and 3 indicate that futures seem to be a quite different proxy from those measures that are extrapolated from past housing prices.
Summary Statistics

Empirical Results
This section introduces the estimation model in Section 3.1, investigates the performances of various proxies for housing expectations in explaining default in Section 3.2, compares out of sample prediction accuracy in Section 3.3, checks for robustness in Section 3.4, and studies the additional information content of futures in Section 3.5.
Cox Proportional Hazard Model
The empirical analysis is conducted in the Cox proportional hazard model setting (Cox, 1972) to investigate the factors that may affect the probability of default. The advantages of the Cox model include that it can handle right censoring and take time from origination to default into consideration. Also the Cox model is a semi-parametric technique that does not require choosing a specific probability distribution of the survival time, and is considered a more robust approach.
The model specification is as in (1), where h(t) is the hazard function of default and λ 0 (t) is called the baseline hazard function. The hazard function represents the conditional probability that a borrower remains current on mortgage payment at t+1 given that the borrower has current status at time t. Estimation uses a partial likelihood method that allows estimation of only the β coefficients without having to specify the baseline hazard function λ 0 (t). The event of interest is default, with prepayment as the competing risk. The explanatory variables in X include both static variables which are obtained at origination and time-varying variables which are updated quarterly. The time-varying variables updated at each time t include expectations, CLTV, loan age, interest rate difference, and lagged unemployment rate.
Housing Expectations and Default
In making the decision to default, borrowers weigh the benefit of keeping the house versus the cost of making the mortgage payments. Expected house prices play a central role in the valuation process. On the one side, the value of house to the borrower includes the expected future house price. On the other side, as and noted, the cost of the mortgage payments to the borrower needs to take into consideration the value of the future default option. This future default option value is affected by the expected future house price. Foote et al. (2008) used a two time period model to illustrate that higher expectations of future house prices reduce the incentive to default even in face of current negative equity since borrowers are in hope of market recovery in the future, which may bring them to positive equity. Despite of the importance of housing expectations, the existing proxies are mainly model based and backward-looking in nature. In a normal housing market when housing prices are relatively predictable, these measures might work well. However, in the recent housing market, those model based measures performed poorly in forecasting housing price movements (Goetzmann et al., 2009) . Also, since model based measures rely solely on past price information, the same variable such as past year appreciation may represent both the past market condition and expectation, which makes it difficult to disentangle the two effects.
In addition, an identification issue can arise when using both the past appreciation rate and the HPI updated current loan-to-value ratio in the Cox proportional model since the past appreciation and the HPI updated CLTV ratio could be highly correlated. However, the correlation between these two variables is 0.0686 for this sample so that identification is not a serious problem.
We first compare the regression results with different proxies of housing expectations. Table 4 reports the coefficient estimates, with the state clustered standard error in parenthesis. The first regression has expectations inferred from transaction prices of futures. The second uses the past year appreciation of CSI. The third one uses the past year appreciation from FHFA and the last one uses the one-year time series forecasts of housing appreciation from the ARIMA models.
The results show that futures behave differently from other proxies. First, from the model fit perspective, futures yield the highest model fit as measured by the minimum value of −2 ln L among four different proxies. This indicates that futures might capture the true expectations better than other proxies. Second, coefficients of futures and time series have negative signs which suggest that higher housing expectations lower the probability of default, while both measures of past appreciation have positive signs. Futures also have the largest magnitude estimates. Third, as for statistical significance, only futures are significant at the one percent significance level. In sum, futures are the only measure that shows that higher housing expectations significantly reduce the default propensity as predicted by theory. The overall results suggest that different proxies could lead to quite different inferences concerning the role of housing expectations. Although inaccurate proxies may indicate that housing expectations do not play an important role in default decisions, futures seem to conform more closely to our prior beliefs.
From the futures estimates in Table 4 , a one percent increase in housing expectation decreases the hazard of default by 1.32 percent (exp (−0.0133 · 1)− 1 = −1.32%). An expected one percent decrease in housing expectation increases the hazard of default by 1.34 percent (exp (−0.0133 · −1) − 1 = 1.34%). Although negative equity is a necessary condition for strategic default, expectations of house price declines may lead homeowners at the margin to make a decision to default.
Other variables have the expected signs. A larger current loan-to-value ratio, having a second lien, and a higher contract rate lead to a higher propensity to default. Higher Fico scores and full documentation decrease the propensity to default. Various exotic loans increase the propensity to default relative to the fully amortized fixed rate mortgages. Seasoned loans have a lower probability of default. Macroeconomic conditions such as the lagged unemployment also affect loan performance. Neighborhoods with higher incomes have lower default rates. 
Out of Sample Prediction Accuracy
To further investigate the out of sample model prediction accuracy for different expectation measures, we perform two experiments in this section. The first out of sample experiment is using the origination year 2006 cohort for estimation and using the origination year 2007 cohort for prediction analysis. The second experiment is using the pre-2009 data for estimation and using the 2009 data for prediction analysis.
After fitting the estimation sample, we calculate the survival probabilities for each observation in the prediction sample based on estimates from the fitted model. 10 The survival probability is the predicted probability of surviving to time t + 1 given survival to time t. One subtracted by the survival probability gives the predicted default probability, that is the probability of defaulting at time t + 1 given current status at time t.
The predicted default probability is a continuous variable, while the observed mortgage status is a discrete variable. Prediction errors for a binary variable fall into two categories. First, one could predict current status when the true status is default. This could lead to rejecting a "valid" loan modification which could have changed the status to current (with modification) from default (without modification). This is analogous to a type I error in statistics where one rejects a true null hypothesis. Second, one could predict default when the true status is current which may lead to granting a loan modification to a borrower who would have continued to stay current. This is analogous to a type II error in statistics where one accepts a false null hypothesis of default. Prediction errors also affect valuation of mortgage backed securities and the risk management of portfolios with mortgage related assets.
By adopting a decision rule of Pr(default) ≥ c → decision, where c is a cutpoint value between 0 and 1, there is a tradeoff between type I and type II errors. A low value of c would result in low levels of type I errors but would lead to high levels of type II errors, and vice versa.
Since setting c leads to varying rates of type I and type II errors, this makes it hard to compare model performances. A common approach to evaluate binary dependent variable model predictive accuracy when the cutpoint c varies is to compare the area under the receiver operating (ROC) curve (Zhou et al., 2002) . The area under the ROC curve is termed the AUC statistic. The ROC is a plot of false positive rate (x-axis) versus true positive rate (y-axis) for the full spectrum of possible cutpoints c ranging from 0 to 1. The AUC represents the probability that a randomly chosen default loan is correctly ranked higher than a randomly chosen non-default loan (Hanley and McNeil, 1982) . Higher AUC values indicate better model classification ability and better prediction accuracy. Table 5 reports the AUC for the out of sample predictions for the four measures. Futures slightly outperform the other proxies for both experiments. For example, the forward prediction experiment yields the AUC of 0.7231 for futures, which is higher than that of past CSI (0.7101), past FHFA (0.7081), and time series forecasts (0.7207). These results indicate that using futures in the mortgage default model could improve the out of sample predictive power of the model.
Robustness Checks
Next we conduct various robustness checks by including year and/or state dummies to capture temporal and/or state fixed effects. Other variables and model specifications are the same as in Table 4 . 
Information Content in Futures
In this section, we investigate the information content of futures. In Table 7 , except for expectations variables, we use the same model specifications as the regressions in Table 4 . For the expectations variables, each regression includes futures and some other proxies to study whether futures contain information beyond past housing appreciation data. The results show that both coefficients and standard error estimates of futures are stable across various specifications. The coefficients are negative and significant even after controlling for various combinations of past price information. This indicates that futures contain information that are not reflected in the past housing prices, which is not surprising since individuals use all the available information to form their expectations, not just past prices.
Conclusion
Housing price expectations play a role in borrower mortgage default decisions. However, because of the difficulty of obtaining a good proxy, prior mortgage research either does not include housing expectation proxies in empirical work or uses a past price based approach.
This paper proposes to use information from housing futures contracts as an alternative proxy since the transaction prices incorporate expectations for future house prices. As an example, we compare the performances of four different proxies for expectations in explaining borrower mortgage default behavior. The results show that the futures based proxy outperforms other proxies by having the highest regression model fit as well as being the only proxy that shows a significant effect in the correct direction on mortgage default behavior. Futures also outperform other proxies in term of out of sample prediction accuracy. The results also show that futures contain additional information that is not contained in the past housing prices.
Since housing expectations may affect various real estate issues such as mortgage credit supply, housing demand and housing supply, the use of futures may help these other research areas. Finally, the newly launched RPX housing futures trading on CBOE Futures Exchange, which covers more cities, may increase the potential for using futures in real estate research.
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